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Abstract

Fragmentation is common in interdisciplinary fields with diverse methods and theoretical
commitments. Predictive coding neuroscience is a clear example: its literature spans computational
theory, electrophysiology, imaging, behavior, and modeling, creating a synthesis problem that
conventional meta-analysis cannot easily resolve. Here, we describe a local multi-LLM pipeline for
ontology-constrained literature synthesis. The pipeline reads papers, extracts evidence, incorporates
figure descriptions, assembles constrained prompts, and validates outputs against an expert glossary.
We defined a predictive-coding glossary of thirty-six concepts grouped into three hypotheses:
predictive suppression, feedforward error propagation, and ubiquity. A council of ten local language
models scored 31 studies across local and global oddball contexts. This enabled pairwise study-
agreement analysis, cross-model comparison, and three-dimensional hypothesis-space mapping.
Agreement was stronger for local than global oddball contexts, particularly for feedforward error
propagation. Hypothesis-space temperature was lower for local oddball contexts and higher for
global oddball contexts, indicating greater dispersion in the latter. These results show that local
multi-LLM councils can produce auditable disagreement measurements that map heterogeneous
literatures into quantitative evidence spaces. Keywords: predictive coding; large language models;

literature synthesis; computational neuroscience; ontology; hypothesis mapping

1. Introduction

1.1. The Fragmentation Problem in Predictive Coding Neuroscience

Scientific frameworks rarely develop through empirical support alone[1]. They also face growing
theoretical and methodological complexity, becoming large, specialized, and heterogeneous enough
that readers may struggle to sustain the full argumentative structure[2-5]. This “fragmentation” of the
scientific literature is acute in the domain of computational neuroscience. In particular, mathematical
formalism, electrophysiology, behavioral observation, statistical modeling, and philosophical
foundations are frequently braided together within a single publication, yet the resulting constructs
are not consistently tested at equivalent levels of description. The paradigm of predictive coding
serves as an illustrative exemplar of this epistemological phenomenon. Over the past few decades,
predictive coding has evolved from a narrow computational account of extra-classical receptive
field effects in the visual cortex[6] and the retina[7] into a sweeping, nearly all-encompassing
explanatory framework addressing perception[8, 9], learning[10], motor action[11, 12], cortical
hierarchy[13, 14], psychiatric disorders[15, 16], and active sensing[11, 17].

As the predictive coding framework has broadened its theoretical scope, the consensus on
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what constitutes rigorous empirical support has been put into question[18, 19]. At one end of the
theoretical spectrum, predictive coding represents a formal, largely abstract principle of hierarchical
inference: higher cortical areas issue generative predictions, lower areas compute sensory residuals
or prediction errors, and these errors propagate forward up the cortical hierarchy to continuously
update internal models[20, 21]. At another theoretical extreme, predictive coding is treated as a
highly specific, falsifiable physiological hypothesis mapping directly onto canonical cortical layers,
specific cell classes, distinct oscillatory bands, and directed laminar interactions[14, 22, 23]. For
instance, some physiological accounts explicitly associate feedforward prediction error signaling
with superficial pyramidal populations communicating via high-frequency gamma rhythms[24],
while feedback predictions are associated with deep pyramidal populations communicating via
lower-frequency alpha and beta rhythms[25, 26]. Furthermore, the terminology itself is used
somewhat inconsistently across the literature. Terms such as prediction, expectation, anticipation,
surprise, mismatch, deviance, novelty, and error can be deployed in overlapping but distinct contexts
depending on the subfield. For example, a reduction in neural activity upon repeated stimulus
presentation might be categorized as prediction suppression, sensory adaptation, or attentional
gating, depending on the context.

This ambiguity is magnified by the methodological diversity present in modern neuroscience.
Predictive coding claims have been investigated using disparate tools ranging from event-related
potentials[27] and functional magnetic resonance imaging univariate contrasts[28, 29] to multivariate
decoding[30-32], laminar probe recordings[24, 33, 34], calcium imaging[35-37], and a diversity of
behavioral tasks[8, 24, 38], including studies using no-report paradigms[34, 36, 39]. Because human
experts read this literature through specialized methodological lenses, traditional meta-analytic
synthesis across these subfields does not always scale and is difficult to audit. A case in point is a
recent community experiment which performed a large-scale survey of the predictive processing
literature[40]. The result involved over one year of intellectual labor, weekly discussions amongst
dozens of neuroscientists, and iterated writing and editing, which proceeded as shown in the
flowchart of Fig. 1A. This process was valuable and produced consensus amongst the co-authors,
while also illustrating the substantial coordination required for manual synthesis. The resulting
manuscript was 141 pages long, providing an extensive qualitative synthesis rather than a compact
quantitative map of the literature[40]. Moreover, there is currently no widely established mechanism
for how to incorporate an increasingly large number of new results into this and other established
literature syntheses. We propose that this heterogeneity and the volume of scientific publication
create a bottleneck for cumulative theory-building. In the following, we demonstrate an Al-assisted
approach designed to address this problem.

1.2. Integrating Large Language Models into Scientific Synthesis

The growth of scientific publication volume motivates automated systems capable of reading,
comparing, and structuring literature at large scales (Fig. 1B). Al models can supplement established
paradigms for literature synthesis and quantitative meta-analysis, while preserving the value of
expert interpretation and conventional meta-analytic methods.
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Figure 1: A. Manual meta-studies (e.g., literature review, meta-analysis) are time-intensive and
become harder to scale as the magnitude of the literature grows. B. The challenges with a traditional
meta-analysis from the perspective of systems neuroscience. Heterogeneous data sources complicate
unified statistical treatment. C. The LLM-assisted pipeline we propose here. Al-assisted literature
review can ingest a large number of papers and score them on consistent criteria, which can be
adjusted by experts. Multiple agents can be run in parallel in a scalable architecture. Replicable
output scores can be quantified and compared between studies and agents.

First, in a traditional meta-analysis, papers are generally selected based on a literature which used
the same techniques and the same paradigm, and therefore which exist within an identical comparison
space (Figure 1A, for a recent application of this approach to the neurobiology of schizophrenia,
see Mulvey, Gabhart, et al.[41]). Under these constraints, each study’s effect size and reliability
is quantified and the consistency of the overall effect across studies is quantified with standard
statistics. However, there are growing challenges to this traditional meta-analysis framework. This
approach is difficult to apply to heterogeneous literatures where papers use different methodologies
and experimental paradigms (Figure 1B). In such settings, there may be no established comparison
space and no single standard statistical approach for quantitatively characterizing disparate results
(Figure 1B). The common alternative is qualitative literature review, which is valuable but can be
difficult to replicate and may not always compress information into comparable variables (for a
recent case study in this, see[40]).

To address these challenges, we propose an expert-guided Al-assisted pipeline (Figure 1C)
similar to other recent work showing that LLMs can automate multiple aspects of systematic
reviews[42] and meta-analyses[43]. The pipeline we propose can ingest and process a large number
of heterogeneous papers in parallel and create a structured comparison space based on a canonical,
expert-guided glossary. Based on this glossary, a council of multiple independent LLMs can
quantitatively score papers on their agreement to a well-defined hypothesis space. Subsequently,
the pipeline performs consensus mapping of papers within the hypothesis space. This effectively
compresses a large amount of information from heterogeneous sources into a low dimensional
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structure of quantitative variables. The output is a geometric constellation, or object, that represents
the scientific literature in relation to theoretical predictions that can be further analyzed. New papers
can easily be added and compared. Movement of the constellation itself can be tracked over time as
a literature evolves, reflecting growing agreement or disagreement with the hypothesis space.

To achieve these goals and to create the proposed pipeline (Figure 1C), it is important to evaluate
recent progress of LLMs in scientific reasoning. Indeed, large language models have recently
demonstrated extraordinary capabilities across diverse domains, yet their application in rigorous
scientific synthesis remains an active, highly debated frontier[5, 44—46].

Within the domain of literature synthesis a recent study (BrainBench) showed that large language
models tuned to neuroscience (e.g., BrainGPT) can forecast neuroscientific results at a level rivaling
or exceeding human domain experts[5]. The BrainGPT study demonstrated that by capturing the
fundamental patterning of methods and results underlying the structure of neuroscience, predictive
models can determine whether the scientific content of new abstracts were altered or not more
reliably than humans at various levels of domain expertise[5].

Similarly, the emergence of autonomous research frameworks like The Al Scientist[45] have
illustrated that multi-agent architectures can navigate the entire research lifecycle, from initial
ideation and hypothesis generation to coding, result analysis, and even automated peer review (but
see[47]). The automated reviewer component of The Al Scientist, which operates on an ensemble
methodology to evaluate manuscript quality against established conference guidelines, proved
capable of predicting paper acceptance decisions with an accuracy on par with human reviewers. The
system also generated machine learning results that were accepted in a peer-reviewed conference[45].

More recently, several systems have moved toward structured scientific workflows. Empirical
Research Assistance (ERA)[48] coupled LLM-guided code rewriting with tree search to optimize
empirical scientific software against explicit, machine-scored objectives, outperforming single LLM
calls, best-of-1000 sampling, and AIDE on Kaggle benchmarks. Robin[86] extended multi-agent
systems into a lab-in-the-loop biological discovery setting by integrating literature-search agents with
data-analysis agents to generate hypotheses, propose experiments, and interpret experimental results.
Co-Scientist[87], similarly used an asynchronous multi-agent architecture, under expert supervision,
to generate, critique, rank, and evolve scientific hypotheses. Together, these systems suggest that
LLMs can contribute to scientific reasoning when constrained by external objectives, specialized
agent roles, iterative feedback, and human or experimental validation. These systems also motivate
a complementary problem: before autonomous systems generate or test new hypotheses, auditable
methods are needed for mapping what the existing literature already supports, contradicts, or leaves
unresolved. Here we propose that deploying a constrained, multi-model council equipped with
expert-guided ontological guardrails offers a robust mechanism for parsing a fragmented scientific
literature like predictive coding.

1.3. Concrete Use Case: Oddball Paradigms in Predictive Coding

Here we examine a conceptually clean yet empirically nontrivial distinction within predictive
processing: the separation of the local-oddball (LO) and global-oddball (GO) contexts, a paradigm
which has been extensively studied and which has been considered as foundational evidence for
predictive processing models in neuroscience[49]. The local-global oddball paradigm was explicitly
developed to differentiate short-timescale sensory regularity violations from longer-timescale,
abstract rule, or sequence violations[29]. In the local condition, sensory deviance is defined relative
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to an immediate, highly probable sensory context, such as a single deviant tone following a rapid
succession of standard tones (e.g., xxxY, where “x” and “Y” represent distinct tone frequencies
presented to subjects within a few hundred milliseconds). In the global condition, deviance is mapped
against a higher-order temporal or abstract sequence expectation (e.g., xxxY xxxY xxxX), requiring
the brain to maintain working memory of complex rules across extended temporal windows.

If the predictive coding framework operates as a unified, scale-invariant hierarchical architecture,
the generative logic governing the local oddball response should extend to the global oddball
response: Higher-level rule violations should generate prediction errors that propagate forward
using the same basic inferential mechanics as local sensory violations[49]. However, the empirical
literature is still unclear on this point[33, 34, 49, 50]. Divergent neural signatures[34], varying
attentional dependencies[29], unique conscious-state sensitivities[33, 51], and differing spatial
cortical distributions[29, 34, 52] all complicate a direct one-to-one mapping between local and
global contexts. This empirical tension makes the local-global paradigm a useful benchmark for
evaluating scientific literature on predictive processing using LLM assistance.

1.4. Rationale for a Local Multi-LLM Council Over a Single Model

A single large language model (LLM) can provide a useful literature synthesis, but a multi-model
council offers several methodological advantages. First, model outputs can reflect model-specific
priors and blind spots[53, 54]. Second, a single output provides limited information about internal
disagreement. In contrast, deploying a benchmarking “council”’[55] composed of multiple local
language models makes disagreement measurable. Third, multiple agents can help identify
unsupported assertions because pooling outputs across agents reduces the influence of uncorrelated
model-specific errors[46]. Fourth, multi-model ensembles can improve performance relative to a
single model in benchmark settings such as medical question answering[56]. Given these advantages,
we used multiple LLM agents to independently score each paper.

Deploying local models provides additional practical and governance advantages. Local
execution ensures that the entire analytical process can be accessed and audited. Intermediate
markdown files, vision-language model figure extractions, prompt templates, validation statuses, and
reasoning logs remain inspectable on local hardware. Furthermore, this approach avoids exposing
proprietary scientific documents to external cloud application programming interfaces, ensuring
strict data governance, traceability, and reproducibility with fixed review processes, which are
paramount for the scientific integrity of automated literature reviews.
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Figure 2: Benchmark overview. A 36-factor glossary defined the Hypothesis space (see
Supplementary Tables S1-S3). Two separate contexts are defined, local and global oddballs. The
corpus of papers (see Supplementary Table S5) were scored for agreement / disagreement with each
hypothesis and in both contexts. Each agent performed these evaluations and saved the structured
output in a table. Quantitative analysis of this table defines three benchmarks: Agent Consistency
(AC, equation 1.1, 1.2) measures how similar different LLMs were to each other in their scores.
Literature Consistency (LC, equation 2.1, 2.2) measures how similar different papers were to each
other in their scores on each of the three Hypotheses. The distance between each paper’s position in
this 3D space represents a metric of disagreement between any two sets of findings in the literature.
Literature-Agent Consistency (LAC, equations 3.1-3.3) quantifies a combination of across-agent and
across-paper variability.

2. Results
2.1. Agreement Across Hypotheses and Contexts

The local language model council successfully transformed the heterogeneous predictive coding
literature into a structured, measurable evidence space. The aggregated results shown in Figure 3
revealed that model evaluations are nonuniform and depend on both the hypotheses (Hypothesis
1, 2, and 3) and the context scope (local and global oddball). The models interpreted most
papers as agreeing with these three hypotheses, which form a foundation of the predictive coding
literature[ 10, 14, 59].

Within the local oddball context, the highest score was achieved by evaluations of Hypothesis 2
(Feedforward Error Propagation, Mean = 0.51 + 0.34, SD). The next highest score was Hypothesis
1 (Predictive Suppression, Mean = 0.46 + 0.42, SD), followed by Hypothesis 3 (Ubiquity, Mean
= 0.31 £ 0.39, SD). The convergence on H1 and H2 suggested that the evidence of suppression-like
effects of prediction — such as response dampening or repetition suppression — were consistently
described in the literature and had a feedforward pattern of activation in cortical brain areas.
Furthermore, these consistently high scores were identified by the diverse models that comprise
the council. In contrast, the ubiquity hypothesis (H3, across both contexts) displayed the lowest
agreement (Mean = 0.23 + 0.40), which can be interpreted to indicate that models identified less
evidence (compared to H1 and H2, across both contexts) for these prediction error signals to
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generalize across the brain.

An assumption within hierarchical predictive coding framework is that global contextual
prediction inherits the computational machinery of local sensory prediction, operating on similar
predictive coding principles albeit at longer timescales[14, 69, 80]. The global oddball context
was also positive for H1-H3, but the scores were lower than the local oddball context for all three
hypotheses. There was an average global-to-local downward shift of -0.049 for H1 (Predictive
Suppression, p < 0.05), -0.158 for H2 (Feedforward Error Propagation, p < 0.01), and -0.032 for
H3 (Ubiquity, p < 0.05, all comparisons, LO vs. GO, paired model-study t-test). The lowest scores
across all hypotheses/context groupings were observed in the global oddball context for the ubiquity
hypothesis (H3). Across the thirty-one-study corpus, the council consistently recorded lower scores
in global oddball contexts.

Distribution of context-hypothesis scores
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Figure 3: The evaluation result of all papers (N=31) by all models (N=10). Scores are separated by
context (LO = Local Oddball, GO = Global Oddball) and by Hypothesis (Supplementary Tables
S1-S3, Hypothesis 1: Predictive Suppression; Hypothesis 2: Feedforward Error Propagation;
Hypothesis 3: Ubiquity). Each dot is a separate score (total count = 1860). The mean and median
of the scores are significantly positive (p < 0.01), which is consistent with our choice of these
hypotheses as central to predictive coding.

To quantify inter-model agreement for both the local and global oddball context and separately
for H1-H3, we used the Mean Squared Difference as a distance metric (see Methods, Agent
Consistency, equation 1.1, 1.2). Lower values indicate more similar values and therefore stronger
agreement/consensus among the models. Agreement between models (Figure 4, AC) had a mean of
0.11. This was well below what could be expected from a random shuffle (0.67) or a hypothesis
shuffle (0.5) (for the definition of these shuflle tests, see Methods section, definitions 1.8 and 1.9).
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Figure 4: Agent consistency measured as the mean squared distance between the aggregated scores
of each of the 10 agents. Agent to agent distance is shown on the upper left. The mean in this
comparison was 0.11. Mistral-nemo-12b was the model with the largest distance to the others. The
mean squared distance of each model by context is shown for H1 (upper right), H2 (lower left), and
H3 (lower right). The dotted lines indicate the MSD distance for a random shuffle of all scores
(Full-shuffle, 0.67, def 1.8) and the Hypotheses shuffle (0.5, see Methods, def.1.9). For comparison,
values of AC, LC, and LAC are also depicted (see Methods for their respective definitions).

The Literature Consistency (LC) benchmark enabled us to quantitatively identify how variable
scores were between the papers we considered (Figure 5). Studies such as Bastos et al., 2012, Friston
et al., 2010, and Spratling, 2008 exhibited low mean distances (0.07 + 0.01 SEM), marking them as
central reference points that closely align with the dominant trends of the literature. Conversely,
Westerberg, Xiong, et al., (2025) emerged as an outlier, with a mean squared difference of 0.464
relative to the rest of the literature. This is consistent with the formulation and conclusions of
Westerberg, Xiong, et al., (2025), which diverge from several predictive coding hypotheses, especially
in the global oddball context. The LC benchmark therefore enables a geometric mapping between
papers and identifies publications that are central to, or divergent from, the established hypotheses.
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Figure 5: Literature consistency (LC) visualization. The mean squared distance between every
paper in the corpus is depicted. Warmer colors indicate lower MSD values or more agreement
between studies. The highest values were observed for an outlier paper, Westerberg et al., 2025.

2.2. Direct Comparison of Local and Global Contexts between papers

Further analysis of the distance scores between Westerberg, Xiong, et al., (2025) and the remaining
literature revealed an interesting pattern: the scores were significantly greater for the global oddball
(p < 0.01, mean = 0.55) as compared to the local oddball context (mean = 0.15), see Figure 6. This
indicates that the council benchmark captured the pattern reported by Westerberg et al.[34]: stronger
divergence from predictive-coding expectations in global oddball findings than in local oddball
findings.



256

257

258

259

260

261

262

263

264

265

266

267

269

270

271

Study-to-Study MSE Comparison —— L0

LO MSE vs Westerberg2025 (2025) ——GO

12
Full 1.0
AL | S PR OSSR (PSSP SO (" FEN S " ) S N (S e . S O I N I S S S e
¥ 08 Random 0.67
L R e e T [ B e e e R e e T e e B S e e Sl e s B Sl e S
I.(;’.l 0.4 S G O O USROS U VUUOY O (O WS YO U O RO (SRR O | NP U o DN Ao U O I OO (O O ...

=

Ground LAC

I NIV N - T N} D @D @® D gD D D WD GO S g B
. 01100‘“1\90“& o o 13\@15@1 ,@k P ol @a\ ,,o“”’ 0@& o 0001 .m: S " o @u\"‘l\i@““loﬂ o“"”‘) @eﬂeom 0 K 0‘\” 0@36 g Gu'mw@m
0 0! N . O O b O] (4 e w o 32 S5 \- B s
& DL S SN g 2 & I 5 A g8 @S «, 1 O @97 g 2 O @ P
W o e o T e avf"‘\'\“qx\a““@:a“"“ “:wﬁ‘g &59@ € e o 5 o @ @ os“’n s “Qz‘ PR
P o
12 GO MSE vs Westerberg2025 (2025)
1 Full 1.0
-
<+
4 0.8 Random 0.67
B demededegal ot ol b ol ) el ettt N e il e Lol e e el SR
: 0.6
Hyp-Shuffle
e e e e s e Ll
0.2 Ground LAC
LANCIO BN ) SRS o) I TN N RS Y RRPEU A B N D oD WD B gD gD D D D g® g D O D 9 @ g O
o C 'mk& o 0'611 101» 7’“\ 161 001 Oo“s!c'@q 0& o \1& »:LO“\ & @@wem o lﬂ o 1\10\ 1k® o \lﬂ @Q\’ 1@’ q\\quﬂ-ﬁ o 6@“" RN o
R LB L P o o o g S o o 10"‘ o o L R o P
G 2 o o (o RS S IR g I P L e L
R '\a\f,uc S P g @™ @‘? I W @ e

Figure 6: Mean squared error values measuring the distance between each paper and the outlier
paper (Westerberg, Xiong, et al., 2025), separately for the local oddball (upper subpanel) and global
oddball (lower subpanel) contexts. Papers are ordered from left to right in order of increasing
global-oddball MSD to Westerberg, Xiong, et al. (2025).

2.3. Three Dimensional Hypothesis Space Geometry Reveals a Constellation

To visualize the latent structure of agreement and disagreement within the literature, the studies
were geometrically embedded into a three-dimensional hypothesis space defined by their H1, H2,
and H3 scores, when rendering the local and global contexts separately. The central coordinate of
each study reflects the average score separately per hypothesis and averaged across the council of
10 models. Error bars denote the standard error of the mean across the council. Within the local
oddball coordinate space, the majority of the studies cluster into a moderately compact, centralized
region along the H1, H2 and H3 axes, visually representing the foundational agreement the council
reached regarding overall agreement on these hypotheses. For local oddballs, the one exception was
Westerberg et al. (2025), which had positive scores on H2 and H3, but a moderately negative score
on H1 (Predictive Suppression).
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272

273 Figure 7: Three-Dimensional view of the scores of each paper, with scores shown on the H1
27+ (Predictive Suppression), H2 (Feedforward Prediction Errors), and H3 (Ubiquity) axes. The 3 lines
2z7s  emanating from each of the studies reflects the standard error of the mean of those scores across
276 the 10 evaluator models. The local oddball context is shown on the left plot and the global oddball
277 context is shown on the right.

278 Moving from local oddball (Figure 7, left) to global oddball (Figure 7, right) there was a
279 significant move away from the +1, +1, +1 octant, with multiple studies going negative on H2. Study
20 30 (Westerberg, Xiong, et al., 2025) is the outlier, as it had the strongest movement between Local
2s1  and Global Oddball contexts (Figures 7 and 8). The move from Local to Global Oddball contexts
2.2 created a literature that was more dispersed or variable.

283 To quantify this shift, we introduced a novel metric of dispersion or variability within a well-
2.« specified hypothesis space. Inspired by physics, we call this metric the hypothesis-space-temperature.
255 We define the hypothesis-space-temperature by fitting an ellipsoid that minimizes the volume
26 required to fit all points in three dimensions, divided by the number of data points (studies) that are
257 inside of the ellipsoid (see equation 3.4):
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The scaling constant c is fixed to 1.0 for this analysis. Here, Ty denotes the metaphorical hypothesis-
space temperature, Ve, is the volume of the minimum volume enclosing ellipsoid containing all
hypothesis points, and 7 is the number of points. (eqn. 3.4)

Operationally, when a hypothesis space provides a compact description of a literature, a new
observation is expected to fall within the existing ellipsoid. In that case, the ellipsoid volume can
remain approximately stable while the number of samples increases, thereby decreasing temperature.
In contrast, a new study that falls outside the existing ellipsoid can increase the ellipsoid volume,
increasing temperature in proportion to V/n (see equation above).

We calculated hypothesis-space-temperature separately for the Local and Global oddball contexts,
and extracted the standard error of the mean of this measure across different LLM models. The
hypothesis-space-temperature of Local Oddballs (excluding Westerberg, Xiong et al., 2025) was
0.00114 (SEM across N=10 models, 0.00016, p < 0.01), significantly lower than for Global Oddballs,
0.00348 (SEM across N=10 models, 0.00039, p < 0.01). This confirmed what can be appreciated
visually in Figure 7, namely that the dispersion of studies grows larger in the Global Oddball
compared to Local Oddball contexts, even without the outlier study. This effect was even stronger
when including all 31 studies: across all studies, hypothesis-space-temperature of Local Oddballs
was 0.00177 (SEM across N=10 models, 0.00033), significantly lower for Global Oddballs, 0.00566
(SEM across N=10 models, 0.00111). This geometric visualization indicates that the predictive
coding literature is structured by a dense central neighborhood and distinct, isolated data points that
increase dispersion in the hypothesis space.
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the outlier study (Westerberg, Xiong, et al., 2025) is shown in yellow, and the average movement
of all studies is shown in purple. Individual study’s vectors are labeled as blue if their individual
vector was aligned to the Westerberg, Xiong, et al., (2025) study’s vector on all three axes, and red
otherwise.

In addition to an increase in temperature, it is also apparent in Figure 7 that the change from Local
to Global Oddball contexts appears to shift along a particular axis. To quantify this, we calculated
a vector for each study between its Local and Global Oddball position. This is shown in Figure
8. Each vector represents an individual study’s movement magnitude and direction. The mean
vector across all studies is depicted in purple, while the vector of all studies excluding Westerberg,
Xiong et al. (2025) is shown in yellow. Both vectors are aligned in a similar direction pointing away
from the +1, +1, +1 octant (which would indicate full agreement with all three hypotheses). We
interpret this to mean that the literature largely agrees with the predictive coding hypothesis space
for Local Oddballs but much less agreement is observed for Global Oddballs. Furthermore, while
the Westerberg, Xiong, et al. study is an outlier in the sense that the movement vector magnitude
is the largest of all studies, the movement vector angle of this study is aligned to the underlying
Local-Global shift within the pre-existing literature.

3. Discussion

Hidden structure within the predictive coding literature.

The application of the multi-model benchmarking council shows that a heterogeneous predictive
coding literature can be organized into structured, quantitatively identifiable patterns. The council’s
outputs showed that the literature can be organized by structured, quantitatively identifiable scores
that draw out important distinctions between papers and contexts. One pronounced distinction was
identified between stronger local oddball support and lower model-estimated support in the global
oddball context. The models’ agreement scores for H1, H2, and H3 were all higher for the local as
compared to global contexts, which indicates stronger evidence for predictive coding in the local
oddball domain. This context-dependent reduction was most pronounced for H2 (Feedforward Error
Propagation), indicating that support for this hypothesis varies most strongly between local and
global oddball contexts.

Furthermore, formalizing this quantitative hypothesis space permitted the extraction of geometric
parameters of the corpus. Mapping the change of each individual study’s movement from local to
global paradigm with vectors allowed us to calculate theoretical shifts via mean vector displacement.
This metric models directional movement between local and global paradigms, highlighting
differences in these experimental contexts. Also, we derived a hypothesis-space-temperature metric.
High temperature indicates hypothesis state-space volatility and theoretical disagreement. Low
temperature signifies structural consensus. This provides the compass for a quantitative cartography
of the literature, translating abstract scientific debate into measurable variables.

Scientific synthesis with multi-model councils.

For neuroscience and related interdisciplinary fields, our findings support the utility of multi-
agent architectures for complex scientific analyses, echoing other Al-based advances such as The Al
Scientist[45]. A single language model can summarize these thirty-one papers, but a council provides
additional visibility into model-to-model variability, theoretical disagreement, and methodological
nuance present in the corpus.

In contrast, the council framework quantifies and utilizes disagreement as an analytical tool. By
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calculating Agent Consistency, Literature Consistency, and Literature-Agent Consistency baselines,
researchers can map whether a particular scientific result is stable across contexts or context-sensitive
and model-specific. In addition, random shuffling of model-produced values defines a statistical
reference distribution under random scores. Finally, multiple model scores allow uncertainty over
models to be estimated; here we used the standard error of the mean (Figure 7). The council
framework therefore treats language-model outputs as structured, auditable scientific measurements
when context and instructions are constrained.

Importance of an explicit glossary and ontology.

A conclusion drawn from this study is that, in artificial-intelligence-assisted scientific synthesis,
the ontology matters alongside the underlying foundation models. The glossary provides the council
with a stable conceptual target. The instruction layer and anti-guess rules[58] further constrain
model outputs toward explicit textual evidence rather than model-specific priors. In addition, all
scores were accompanied by an auditable reasoning log. Inspection of a subset of these logs (see
Section 2.4) revealed domain-appropriate reasoning patterns, while also identifying occasional
divergences. These considerations suggest that the quality of language model benchmarking depends
on task design, problem framing via a glossary, and the deployment of control layers. The ontology
provided by the canonical glossary instructs the models what to look for, and allows us to understand
and interpret what the benchmark signifies.

Methodological limitations and future expansions.

This framework has several methodological boundaries that guide future expansion. The corpus
size of thirty-one studies, drawn largely from a recent study’s comparisons[34], supports a focused
initial cartography rather than exhaustive coverage of the predictive coding field. Second, the
pipeline relies on the specific thirty-six factors chosen. Designing an alternative ontology based
on active inference or variants of predictive coding theories could shift the geometric clustering.
Because scores are nested within papers, models, factors, and contexts, future extensions can use
hierarchical or mixed-effects models to estimate uncertainty at each level.

Future iterations of the pipeline can expand the corpus to enable higher-resolution analyses
across decades of publications and additional subfields. In principle, a seed study could initiate
corpus expansion through automated citation and similarity search. Future work can also examine
whether ontological definitions of the hypothesis space can be proposed or refined automatically. In
that setting, more than three dimensions could be included, and hypothesis dimensions could be
added or revised as the literature evolves. This also points to the possibility of measuring literature
dynamics over time. As scientific literatures shift, new findings revise established interpretations,
and support for hypotheses waxes or wanes, extensions of the present approach could capture and
quantify these changes, allowing meta-scientific analyses to guide future studies.

Conclusions. This research establishes a local multi-LLM benchmark framework designed to
evaluate the predictive coding literature in neuroscience. By using ten local language models with
a grounded glossary, instruction layers, visual extraction, and validation, the pipeline converts
heterogeneous scientific papers into a quantifiable evidence space. Within this framework, assistance
from large language models can be effective at mapping the empirical support for specific hypotheses
that underlie scientific knowledge. The results illustrate that the literature supports consensus
regarding local predictive suppression, but exhibits more disagreement concerning broad ubiquity
claims and global feedforward error propagation. The integration of metrics such as Agent
Consistency, Literature Consistency, and the Literature-Agent Consistency provides a foundation for
identifying consensus and empirical outliers. This enables expert-guided, automated, and replicable

14



397

398

399

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

data-model comparisons between sets of results, including theoretical, conceptual, empirical, and
computational papers. The distance metrics developed here provide a generalizable framework for
hypothesis-space comparison. New evidence that differs from existing literature will be distant from
the rest. As the weight of this evidence builds with additional datasets and published studies, the
constellation of the underlying literature is altered. The methods introduced here can visualize and
quantify these shifts. This captures the fundamental process of cumulative scientific reasoning itself,
as additional evidence either fortifies existing hypotheses or renders them less likely. Additional
hypotheses can also alter the geometric structure of scientific reasoning by adding additional
dimensions beyond the three hypothesis space representations we considered here.

4. Methods

The multi-LLM processing pipeline, spanning from the initial ingestion of the raw publications to
the visualization of the hypothesis space, was constructed to ensure that structured evidence can
be traced directly back to its originating paper, its specific glossary factor, and its model-specific
reasoning log.

4.1. Overview of the Ontological Benchmark Pipeline

The workflow was initiated by defining the hierarchical predictive coding framework and building
the canonical glossary (Supplementary Tables S1-S3) and instruction layer. Following this, source
PDFs (Supplementary Table S5) were ingested through deterministic text parsing. Each of a paper’s
figures were also ingested via a figure-aware step using DeepRead[57]. Once the study text and figure
descriptions were consolidated into a unified markdown file, the system assembled a constrained
evaluation prompt and dispatched it to the ten independent scoring models (Supplementary Table
S6). The resulting outputs were validated and organized (based on the rules section of the input to
the LLM) into a comprehensive table, which served as the database for all summary matrices and
hypothesis-space visualizations (Supplementary Fig. S1).

4.2. Corpus Structure and Benchmark Matrix

The working corpus (Supplementary Table S5) evaluated in the current study consisted of thirty-one
published, preprint, and archived neuroscience studies, with publication years ranging from 1982 to
2025. These studies were selected because they span the heterogeneity of the predictive coding field,
and included theoretical contributions, conceptual reviews, neurophysiology, functional imaging,
and computational modeling studies. These studies were included in a recent paper as representative
of predictive coding models[34]. We recognize that they do not comprehensively represent the
entirety of the predictive coding field, but are deemed sufficiently representative to demonstrate the
utility of this pipeline. We plan to apply future extensions of this pipeline to a more comprehensive
collection of papers, and the present work serves as a starting point. Performing these evaluations
on a smaller set of papers also enables manual checking and verification of the results.

4.3. Hierarchical Predictive Coding Glossary

At the core of the benchmark is the thirty-six-factor glossary. Without a highly constrained glossary,
large language models can rely on broad autoregressive priors, generating narrative summaries that
may blur critical neuroscientific distinctions and the boundaries required for hypothesis testing[58].
Following the logic proposed by Westerberg et al.[34], we defined a glossary organized by three
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distinct hypotheses: predictive suppression (H1), feedforward error propagation (H2), and ubiquity
(H3). The full glossary, detailing the specific factors, their definitions, and their applicable context
scopes, is provided in Supplementary Tables S1-S3.

Hypothesis 1 (Predictive Suppression) encompasses the core phenomenon that initially
motivated predictive coding: that expected inputs are suppressed, sharpened, or explained away.
Factors within this family (Supplementary Table S1), such as activity suppression or GABAergic
inhibition serve to encompass the idea that top-down predictions suppress bottom-up sensory
signals[6, 14].

Hypothesis 2 (Feedforward Error Propagation) specifies that unpredicted mismatch is routed
and propagated forward through the cortical hierarchy. This requires the models to search for
signatures such as supragranular layer involvement[59], gamma-band signaling[14], and directed
bottom-up connectivity[24] (Supplementary Table S2).

Hypothesis 3 (Ubiquity) captures one of the most expansive theoretical claims, evaluating
whether predictive coding serves as a universal algorithm of the cortex[10, 14]. H3 guides the
models to discern whether a study provides evidence for mechanisms that are broadly consistent
across-species, modalities, and/or brain areas (Supplementary Table S3).

Each factor was further described with more context regarding quantitative, qualitative, or
methodological tags. The glossary dictated that not all textual evidence should be treated equally.
A quantitative tag demands that the language model locate explicit statistical results, tables, or
graphical data. The context scope column dictates the applicability of the factor to the local and
global contexts. Factors directly tied to short-timescale adaptation effects are restricted strictly to
local oddball scoring, preventing the benchmark from scoring sensory habituation as evidence for
long-timescale sequence learning. The following papers were passed to the pipeline (Supplementary
Table S5).

4.4. The Instruction Layer, Prompt Methodology, and Constraints

A glossary alone is likely insufficient if the language model acts as an unconstrained generative
engine[58]. Large language models can follow conversational priors, infer missing information, or
substitute generic scientific plausibility for explicit textual evidence[82]. Consequently, the pipeline
separated the glossary from an instruction layer that specifies how the model evaluates the glossary.

The prompt architecture is initiated by establishing a specific role, instructing the language
model to evaluate the paper as a neuroscientist. This role specification was intended to activate
domain-relevant representations[58], orienting the model toward complex methodological details
and the analytic standards typical of high-level peer review. The prompt then established a continuous
scoring methodology for each factor ranging from negative one to positive one (within one decimal
point, e.g., -0.2, +0.1). Positive scores indicate empirical support, negative scores indicate explicit
contradiction, and precision is encouraged through the use of intermediate values to capture the
magnitude of agreement/disagreement, given the evidence.

The prompt emphasized a distinction between scoring a zero and scoring a null value. A score
of zero is assigned for instances where the study explicitly addresses a particular factor, but reports
statistically neutral results that neither agree nor disagree with a factor. A null value was returned if
the study does not address or measure the factor in any capacity (e.g., a study using EEG would not
evaluate hypotheses related to cortical layers or specific cell types). Instructing the models to use
null for unaddressed factors reduces false negatives and preserves the absence of evidence within
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the literature.

The instruction layer is further specified by anti-guess constraints. Models were instructed not
to invent novel glossary keys, rename existing factors, or force local-global scoring onto irrelevant
papers. Furthermore, the instructions required a reasoning log within the output. For every non-null
score assigned, the model was required to cite the specific section, figure, or statistical table from
the source text that justified its evaluation. This transformed the output from a standalone numerical
assertion into an auditable chain of evidence, which we used to inspect whether unsupported
assertions were present. We randomly inspected a subset of logs to confirm this. The full outputs
are available on the repository (see Data and Code Availability).

To give one instructive example, Mistral-Nemo scored Westerberg et al., 2025, with a reasoning
that included “... I score H2: Feedforward Deviance as positive. In LO (Local-Oddball) Fig 2b,
1 find hierarchical progression [+0.8]. However, GO (Global-Oddball) signals in Fig 3 show no
temporal order of response [-0.6], suggesting an alternative mechanism compared to LO . ..”.

4.5. Deterministic Literature Ingestion

Text extraction alone is insufficient for neuroscience literature, where substantial inferential signal is
frequently encoded within a paper’s figures. A purely text-based evaluation pipeline would omit this
empirical evidence. To address this, the pipeline incorporated a multimodal processing stage. The
pipeline then extracted the figures and analyzed them with a local vision-language model (VLM)
instructed to operationalize graphical data (gemma-3-9b-it VLM), decode statistical trends, and
map visual evidence directly onto the predictive coding glossary. These descriptive insights were
subsequently interleaved into the study markdown document which was passed to the LLM models.

4.6. Model Council Orchestration and Validation

The following 10 models comprised the council of LLMs that were used for evaluation (Supplementary
Table S6):

The pipeline contained a validation tool designed to audit syntactic integrity, verify top-level
key presence, and ensure that factor nomenclature matches the canonical glossary. Any output that
did not meet these constraints was flagged for exclusion or revision, preventing misaligned data
(e.g., incorrect factor assignment) from entering the downstream hypothesis-space visualizations.

The LLMs in the pipeline were configured during model initialization via mlx-lm package
utilizing the same sampling and memory optimization parameters for all models. Inference
parameters were set to a sampling temperature of 7 = 0.70 with top-p/min-p of p = 0.9 and @ = 0.1
[84] , respectively. To manage computational overhead during long-context execution, the sequence
length for each model was strictly bounded by a context window of L = 2!7 (131,072 tokens), with
past attention states preserved in a KV-cache using MXFP8[85] precision to optimize memory
footprint and maximize throughput.

4.7. Construction of the Hierarchical Predictive Coding Table and Measures of Evaluation
Consistency

Validated outputs were flattened to construct the Hierarchical Predictive Coding Table. This
matrix aligned the data into three hundred and ten rows, with each row corresponding to a unique
study(s)-model(m) pair. The matrix comprises columns capturing metadata, and factor-level
columns representing all thirty-six factors (f) across both local and global contexts (c). The table
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enables multidimensional hypothesis visualization and pairwise agreement correlation on the scores.
Evaluation scores that were not applicable for a subset of factors were ignored and omitted from
calculations.

The table holds values for each study s, model m, context c, and factor f, (def 1.1):

Score Array Element ‘ S(s,m,c, f) e [-1,1] U {0}

Score value ranging from —1 (disagrees) to 1 (agrees), or undefined (0). (def. 1.1)

Where each of these s, m, ¢, and f elements contain the following indices (def 1.2):

Score Indices ‘ se{l,...,31}, me{l,...,10}, c € {LO,GO}, fe{l,...,36}
Indices for study (s), model (m), context (c), and factor ( f). (def. 1.2)

The 36 factors are defined in Supplementary Tables S1-S3 and their indices correspond to Hypothesis
1 (Predictive Suppression), Hypothesis 2 (Feedforward Error Propagation), and Hypothesis 3
(Ubiquity). All evaluations had scores for each hypothesis to provide a non-missing numeric value
for agreement with hypotheses, (def 1.3):

Hypothesis Sets | Hy={1.....12}, Hy={13,...,24}, H; = {25,....36}
Partition of factors into three hypotheses. (def. 1.3)

By averaging across studies (s), models (m), and contexts (c) it is possible to define each score for
each hypothesis. Note that in the equation below, null values, which models are instructed to return
when it is not possible to evaluate a factor, are removed from the mean (def 1.4):

2 ren, HUS(s,m,c, ) # 0]S(s,m,c, f)

ZfeHh l[S(s,m,c, f) * 0]
Mean score across factors in hypothesis Hj, for fixed (s, m, ¢). (def. 1.4)

Mean Hypothesis Score Sn(s,m,c) =

The same Mean Hypothesis score can also be expressed as an average across all 10 models (m) that
comprise the council (def 1.5):

10
_ 1 _
Grand Mean Hypothesis | S;(s,c) = 0 Z Sh(s,m,c)
Score m=1

Mean hypothesis score across all models for a given (s, ¢). (def. 1.5)

We calculated pairwise mean-square differences for non-missing subset of the scores across
hypotheses and contexts (all of the evaluations had at least 3 factors scored for each set, def 1.6):

3
1
Mean-Square Difference MSD(A,B):E Z Z(A(C, h) — B(c, h))2
(MSD) c€{LO,GO} h=1

Squared difference between two hypothesis-score arrays. (def. 1.6)

To compute the statistical significance of these scores and their distances, we performed random
permutation tests, where scores were randomly permuted across the table either across all dimensions
(full shuffle) or across a subset of dimensions (e.g., model, context, and factor fixed but randomizing
study, def. 1.7, 1.8):
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Permutation Operator ‘ . Q — Q(def. 1.7)

A random permutation sampled uniformly, S|, representing a discrete shuffle of the index space €2.

Full Shuffle | $G) = S(n(i)), i =(s,m.c,[) (def. 1.8)

A global shuffle where m permutes the entire flattened multi-dimensional index space simultaneously.

For the hypothesis shuffle, we kept the model and the study fixed, but shuffled context and factors of
hypotheses. (def. 1.9):

Hypothesis Shuffle ‘ S(s,m, j) = S(s,m, ws.m(j)), Jj=(c,f)(def. 1.9)

A particular permutation applied to the context-factor indices (c, f) for each fixed study and model.

4.8. Agent Consistency (AC)

Agent Consistency (AC) quantifies pairwise agreement between models, showing the relationship
between the models in the council (equation 1.1). AC evaluates how closely individual models align
in their textual interpretations across all studies (s):

31
1 i _
Agent Consistency (Pair- | AC(m;.m;) = 3 Z MSD (S, (s, mi,-), Sn(s,m;, )
wise) s=1

Agreement between two models across studies. (eqn. 1.1)

Averaging AC across all possible unique model combinations (for 10 models, 10¥9/2=45) yields
(equation 1.2), which is plotted as dotted lines in the Figures and indicated as AC:

I

Grand Agent Consistency | AC = 5 Z AC(m;,m;)
1<i<;j<10
Average consistency across all model pairs. (eqn. 1.2)

4.9. Literature Consistency (LC)

Literature Consistency measures the study-study Mean-Squared Distance across the corpus, calcu-
lating how closely different publications align within the hierarchical predictive coding hypothesis
space (equation 2.1):

Literature Consistency | LC(s;,s;) = MSD(Sy,(s:, ), Su(s;, )
(Pairwise)

Agreement between two studies. (eqn. 2.1)

Averaging LC across all possible unique study combination (for 31 studies ((31%30)/2)=465) yields
(equation 2.2), which is plotted as dotted lines in the Figures and indicated as LC:

I

Grand Literature Consis- | LC = — E LC(si,s5)
465 4

tency 1<i<j<31

Average consistency across study pairs. (eqn. 2.2)
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4.10. Literature-Agent Consistency (LAC)

The Literature-Agent Consistency (LAC) represents a combined consistency score considering both
models (m) and studies (s). Since AC,LC and LAC are all distance-based, lower values indicate
greater consistency. Calculating LAC with respect to studies yields equation 3.1:

LAC (Literature) | LACyi(s,m) = MSD(S4(s.m, ), 5™ (s.,))
Model vs. other models for same study. (eqn. 3.1)

Calculating LAC with respect to models yields equation 3.2:

LAC (Agent) | LACygen(s.m) = MSD(S(s,m, ), 5, (m, )

Model vs. other studies for same model. (eqn. 3.2)

Using equation 3.1 and 3.2 to calculate grand LAC, a distance-based scalar value used to represent
overall agreement between literature and agents, in equation 3.3:

I
Grand LAC LAC = — LAGCi(s,m) + LAC ,
ran grand 2(S[[M] ; ;4 [ 1ie (s, m) agent(s m)]
Combined literature-agent consistency aggregated across all studies and models. (eqn. 3.3)

4.11. Statistical analysis

All summary statistics were computed from the validated model-study-context-factor score table.
Scores marked as undefined were excluded from factor-level means rather than treated as zero.
Hypothesis-level scores were computed by averaging non-missing factor scores within each
hypothesis, then aggregating across models or studies as specified by the equations. Pairwise
distances were quantified using mean-square difference over the local and global contexts and the
three hypothesis dimensions. Local-versus-global context comparisons were evaluated as paired
comparisons over matched study-model units or model-level aggregates, as indicated in the relevant
analysis. The manuscript reports nominal alpha thresholds for the comparisons. The analysis code
and exported score tables provide the basis for reproducing the reported comparisons, permutation
references, and summary statistics.

Data availability

The code, glossary, prompt templates, public-safe configuration placeholders, reproducibility notes,
and citation metadata are available at https://github.com/HNXJ/mllm-public. Model outputs and
derived score tables required to reproduce the analyses are available from the corresponding author
on reasonable request and are planned for archival deposition with the public repository.

Code availability

Analysis and pipeline code are available at https://github.com/HNXJ/mllm-public. The repos-
itory includes the HPC-36 predictive-coding glossary, prompt/instruction files, model/runtime
documentation, public-safe configuration placeholders, reproducibility notes, and citation metadata.
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